In genetic studies, most Quantitative Trait Loci (QTL) mapping methods presuppose that the continuous trait of interest follows a normal (Gaussian) distribution. However, many economically important traits of agricultural crops have a non-normal distribution. Composite interval mapping (CIM) has been successfully applied to the detection of QTL in animal and plant breeding. In this study we report a generalized CIM (GCIM) method that permits QTL analysis of non-normally distributed variables. GCIM was based on the classic Generalized Linear Model method. We applied the GCIM method to a F 2 population with co-dominant molecular markers and the existence of a QTL controlling a trait with Gamma distribution. Computer simulations indicated that the GCIM method has superior performance in its ability to map QTL, compared with CIM. QTL position differed by 5 cM and was located at different marker intervals. The Likelihood Ratio Test values ranged from 52 (GCIM) to 76 (CIM). Thus, wrongly assuming CIM may overestimate the effect of the QTL by about 47%. The usage of GCIM methodology can offer improved efficiency in the analysis of QTLs controlling continuous traits of non-Gaussian distribution.
Introduction
The great majority of traits of agricultural crops are a result of the joint action of several genes with generally continuous phenotypic variation. The expression of these quantitative traits is controlled by loci termed QTL (Quantitative Trait Loci). There are two basic categories of molecular markers (Ovesná et al., 2002) : markers that segregate and determine the presence of a single, dominant or recessive gene and QTLassociated markers. It is much easier and economic to develop markers for a trait inherited by a single gene than markers based on QTL.
The accuracy of QTL mapping (i.e., detection or analysis) must therefore be as high as possible. Statistical procedures have been extensively studied because they are essential for improving the accuracy of genetic analyses (Mora et al., 2008a) . In a simulation study on the accuracy of position and effect estimates of linked QTL, Mayer et al. (2004) found that the reduction of the marker interval size from 10 cM (centiMorgan) to 5 cM led to a higher power in QTL detection and to an improvement of the QTL position as well as the QTL effect estimates.
The statistical association between a marker locus and the genomic region of a QTL (QTL mapping within the chromosome) is an important tool for genetic improvement programs. The genotypes of known QTLs can be added to the information about plant performance and together with genealogical information, can be used to increase the prediction accuracy of genetic values in traditional breeding methods (Gonçalves-Vidigal et al., 2008) : as in the case of BLUP (Best Linear Unbiased Prediction). With the advancement of genomic studies, molecular markers linked to QTL are becoming increasingly available as additional information for genetic evaluation and could be used to increase selection efficiency via marker-assisted selection (Liu and Zeng, 2005) .
The strategy used to detect whether a marker and a QTL are linked is the statistical analysis of association between the phenotypic variation of the trait and markers. The methods of simple regression, maximum likelihood and those based on Monte Carlo Markov Chains have been frequently used to detect QTLs, which are focused mainly on a continuous distribution (Normal or Gaussian) of the trait of interest (Thomson, 2003) . However, several studies related to plant breeding have shown that several traits of economic and scientific interest have non-Gaussian distribution (Spyrides-Cunha et al., 2000; Ribeiro et al., 2005; Mora et al., 2007; Mora et al., 2009) .
In this sense, the methodology of the Generalized Linear Models (GLM) was developed in the 70's. It is based on distributions of the exponential type (termed exponential family distributions), and uses methods similar to traditional linear approaches for normal data distribution (Myers et al., 2002) . Distributions such as: Gamma, Poisson, Binomial, Multinomial and Normal are some examples of distributions that belong to the exponential family, which are frequently found in agronomic experiments (Mora et al., 2008b; Mora et al., 2008c) . In the GLM approach, the assumptions of normality required for conventional analysis can be relaxed if the trait of interest follows any exponential family distribution.
The current study has been motivated by the existence of traits of interest with other than Gaussian distributions (Mora et al., 2007; Mora et al., 2008b; Rodovalho et al., 2008; Mora et al., 2008d) . Therefore, this study aimed to map a quantitative trait locus by using a generalized linear regression modeling approach where the agronomical trait is non-normally distributed. Knowledge about the statistical method used to map QTL will enhance the accuracy of geneticquantitative analyses and improve our understanding on the genomic regions that control agronomic traits of interest.
Material and methods
The methodology of the generalized linear regression was used to map a QTL that controls a trait of non-Gaussian distribution. For this purpose, data of 11 codominant molecular markers, distributed within a chromosome of 105.6 centiMorgan (cM, a distance of Haldane), were simulated using the program GQMOL (Schuster and Cruz, 2004) . The supposed breeding population consisted of a F 2 population with 252 individuals.
It was assumed that the trait under selection is genetically controlled by an infinite number of additive loci, each one with an infinitesimal effect (poly-genes), plus a single two-allele QTL (alleles Q and q). The agronomical data were simulated in R program (Ihaka and Gentleman, 1996) using statistical parameters from Mora et al. (2008b) . Therefore, it was assumed a trait of interest with Gamma distribution, which was subsequently adjusted to data of molecular markers. The population was assumed to be a breeding F 2 population.
Let y 1 ,…, y n denote n independent observations on a response; a realization of a random variable Y i . According to previous assumptions, the quantitative trait simulated here has a distribution that belongs to the exponential family (Dobson, 2001) . The density and probability function for the observed response y can be expressed as:
are called specific functions. The parameter i θ is related to the mean of the distribution. φ , called the dispersion parameter, typically is known and is usually related to the variance of the distribution (Dobson, 2001; Myers et al., 2002) .
If Y i has a distribution in the exponential family then it has mean and variance:
The generalized regression model, considering the composite interval mapping (CIM) of QTL (Haley and Knott, 1992) , includes additive and dominant effects of the QTL.
Assuming a Generalized Composite Interval Mapping (GCIM) for QTL analysis with an exponential family distribution (in this case Gamma), the model is constructed around the linear predictor:
where 0 β and i β are the model parameters (intercept, additive and dominance effects of the QTL and the markers considered as co-factors). The model is found through the use of a link function:
. In this study, the logarithmic link function was used according to Myers et al. (2002) .
The R program (Ihaka and Gentleman, 1996) was used for QTL mapping, according to Myers et al. (2002) , to adjust the model of generalized linear regression. The Likelihood Ratio Test (LRT) was used to compare the models of each interval mapping. These results were compared with an analysis where a normal distribution of the agronomic trait of interest was assumed (CIM).
Results and discussion
The linkage group (chromosome) and the respective distances between the co-dominant molecular markers are shown in Figure 1 -A. The Haldane distance ranged from 5.5 cM (estimated between the markers SSR6 and SSR7) to 19.1 cM (between SSR2 and SSR3). The observed and expected distribution of the trait is shown in Figure 1 -B (obtained using R program). The relatively small asymmetry in relation to the normal distribution was confirmed by the statistical tests Shapiro-Wilk and Lilliefors (P < 0.01). The graphic analysis confirmed the Gamma distribution of the response variable, according to Freund (1992) . The results of the markers associated with the trait of interest are shown in Table 1 . This is a key procedure to identify co-factors that will be used in the composite interval mapping. The generalized linear regression identified the markers A B SSR3 and SSR11 as significant (P < 0.05). A similar analysis using stepwise regression (considering Normal error distribution) confirmed these molecular markers, but also indicated statistical significance for SSR9 (P < 0.05). Although the results of composite interval mapping showed no differences to the procedure with simple intervals (data not shown) due to the simplicity of the genomic data, it is important to emphasize that the differences found in the selection of cofactors can significantly affect QTL detection according to Schuster and Cruz (2004) . Figure 2 shows a diagram with the QTL location depending on the analysis method used: 1) ignoring the real trait distribution that is, erroneously assuming normal distribution (QTL1) and 2) assuming the real distribution of the response variable (Gamma) and therefore using the principle of Generalized Linear Models for QTL mapping (QTL2). The Likelihood Ratio Test (LRT) values ranged from 52 (QTL2) to 76 (QTL1). Thus, wrongly assuming the normal distribution model, the real effect of the QTL was overestimated by about 47%.
In this study, it may be noted that the QTL analysis or mapping, where the normality rejection is disregarded, was relatively robust in the sense that both approaches detected significant evidence for a QTL (P < 0.01) within this genetic linkage group. However, the QTL location, between one methodology and the other, differed by 5 cM, despite the small deviation in Table 1 . Generalized Linear Regression method used for the selection of molecular markers as co-factors for the composite interval mapping of QTL. In bold, the significant molecular markers (P < 0.05). Figure 2 . QTL location, which was dependent on the analysis method: erroneously assuming normal distribution (QTL1), and assuming the true distribution (Gamma) of the response variable (QTL2), which was analyzed by using a generalized linear regression model. LR is the likelihood ratio test; SSR1, SSR2... and SSR11 are the co-dominant markers.
the trait distribution. Another important result is that the QTL was detected at different intervals. The differences may seem relatively small, but we emphasize the fact that the results presented here are based on an extremely simple molecular data (only one linkage group and one QTL). The accuracy of QTL mapping must be as high as possible (Mora et al., 2008a) . Mayer et al. (2004) for example, found that the reduction of the marker interval size from 10 cM to 5 cM led to a higher power in QTL detection and to a remarkable improvement of the QTL position as well as the QTL effect estimates.
The generalized linear model fitted to the data of this study was based on the logarithmic link function. Technically, this link is not the canonical (natural) function of the Gamma distribution, but it is often used (Myers et al., 2002) since mathematical problems can be overcome with the use of the reciprocal function, which is the canonical link of the Gamma distribution.
Application of molecular marker techniques has helped to better understand characters controlled by multiple genes. In principle, QTL can be used for Marker Assisted Selection (MAS). Moreover, with the help of markers it is possible to begin with specific selection in earlier generations. For these reasons, the procedures for mapping quantitative trait loci must be meticulously studied because they are essential for determining statistical association between molecular data and the agronomical trait of interest (Mora et al., 2008a ). In the current study, the results by the approach of generalized linear modeling for QTL mapping were promising. If we presume that 1 cM is equivalent to approximately 1 million base pairs in this study, the differences between one procedure and the other can therefore be of the order of 5 million base pairs. Furthermore, the fact that the QTLs were found at different intervals can mean the loss of important resources, when the QTL localization is needed.
Originally, the theory of the GLMs is an alternative approach to data analysis where the normality assumption is unrealistic, as reported here. The use of the GLM method can be interesting and effective in QTL mapping in situations where the distribution of the response variable belongs to the exponential family (Dobson, 2001) . Although there are several methods of detecting QTLs, from the simple regression to the Bayesian methods (Thomson, 2003) , most procedures assume a normal trait distribution.
As in our breeding programs, Thomson (2003) argued that many traits of both scientific and economic interests have non-normal distribution. For example, binary data are often found when the aim is to improve traits such as disease status (Setiawan et al., 2000; Park et al., 2001) , mortality or survival (Mora et al., 2008d) , flowering (Missiaggia et al., 2005; Mora et al., 2007; Mora et al., 2009) , among other traits. Yang et al. (2009) stated that deviations from this assumption may affect the accuracy of QTL detection and lead to detection of spurious QTLs. The current study confirmed that the mapping of QTLs on control traits of non-Gaussian distribution could be improved by the theory of Generalized Linear Models.
It is important to emphasize that various approaches have been studied to deal with nonnormal phenotypes in QTL mapping. The Generalized Estimating Equation procedure, for example, is a natural extension of generalized linear models, which has shown to be useful for mapping QTLs affecting longitudinal non-normal traits (Lange and Whittaker, 2001; Mora et al., 2008a) . Bayesian methods are also considered to be able to study QTL affecting non-normal traits. Recently, Yang et al. (2009) , for example, studied the genetic architecture of quantitative trait by combining the flexibility of Bayesian approach in modeling multiple QTL and their interactions and the better phenotypic fitting of symmetric and long-tailed distributions in characterizing non-normal traits.
In the current study, the accuracy in QTL mapping depended on the methodological approach. Information about the distribution of agronomic data should be studied and included in breeding programs to improve the reliability of the QTL mapping. In this sense, the generalized composite interval mapping method can offer improved efficiency in the analysis of QTLs controlling continuous traits of nonGaussian distribution. 
